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Interdisciplinary scientific research (IDR) challenges the study of science from a number of fronts, including one of creating output science and engineering (S&E) indicators. This literature review began with a narrow focus on quantitative measures of the output of IDR, but expanded the scope as it became clear that differing definitions, assessment tools, evaluation processes, and measures all shed light on aspects of IDR. Key among the broader aspects are (a) characterizing the concept of knowledge integration, and (b) recognizing that it can occur within a single mind or as the result of team dynamics. Output measures alone cannot adequately capture this process. Among the quantitative measures considered, bibliometrics (co-authorships, collaborations, references, citations and co-citations) are the most developed, but leave considerable gaps in understanding. Emerging measures in diversity, entropy, and network dynamics are promising, but require sophisticated interpretations and thus would not serve well as S&E indicators. Combinations of quantitative and qualitative assessments coming from evaluation studies appear to reveal S&E processes but carry burdens of expense, intrusion, and lack of reproducibility. This review is a first step toward providing a more holistic view of measuring IDR; several avenues for future research highlight the need for metrics to reflect the actual practice of IDR.
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1.	Purpose of this Literature Review
Increases in interdisciplinary research (IDR) have prompted a number of reports and an expanding literature on the performance, management, and evaluation of IDR. The report that is the basis for this article was requested by the National Science Foundation’s (NSF) to support their efforts to identify and characterize interdisciplinary content within the total output of research (Wagner, Roessner, & Bobb, 2009). In commissioning a literature review by SRI International’s Science and Technology Policy Program, NSF sought to identify modes and measures for output and possible additions to the National Science Board’s Science and Engineering Indicators (SEI).
SRI called together a task force to identify measurement tools or indicators of S&E research output that employ existing data, are accessible to a range of users, apply across the sciences, and are relatively well developed. In the course of its review, the task force found that relevant data, insights, and recommendations are dispersed across multiple subliteratures. This literary array echoed the group’s own heterogeneous backgrounds (among them, communication, information science, interdisciplinary studies, program evaluation, and science policy).  This article reflects the larger literature that emerged from the deliberations.
This literature review spans subliteratures in a wide range of areas related to IDR, including: (a) bibliometric measures  (including citation analysis and knowledge mapping); (b) definitions of interdisciplinarity; (c) team and collaborative research practices; and (d) IDR assessment and evaluation.  In reviewing the composite literature, we arrived at a number of conclusions. First, we found that a single model is not adequate to account for differences in types of IDR, modes and degrees of integration, levels of aggregation, scale of research performance, and variances by units of analysis, discipline, field, or country. We concluded that measurement may be too narrow a term for the task. Evaluation encompasses a wider range of assessment, but also represents a large subliterature of its own, not all of which is related to IDR. Network measures, dynamic models, heuristics, or a combination of these are promising methods of analysis. Short-, middle-, and long-term impacts need to be considered. And, as the conversation among us unfolded, the problem of taxonomy emerged: Subject classification codes are determined by database managers or other experts distant from the actual substance of a particular project or program. As a result, different classification systems produce different results for the same measure of IDR. Thomson Reuters products (e.g., ISI’s Journal Citation Reports) and impact factors are dominant. Yet, Elsevier’s Scopus offers a wider database of journals. 
This article presents the results of a review process that focused first on quantitative measurement of S&E research outputs in the form of publications generated essentially by a black box--the research system.  As deliberations continued, the authors recommended that the defining parameters be expanded considerably so that the literature review cover a broader notion of assessment or evaluation. Authors, reflecting our own perspectives, recommended that the review be expanded along different dimensions, but there was essentially no disagreement as to the need to expand along all of the dimensions suggested. Moreover, This was driven by the view that users of any measures of interdisciplinarity must define quality and impact because these terms are at the core of science and engineering indicators. 

As a result of these deliberations, the literature review was expanded beyond traditional bibliometrics to be inclusive along the following lines:
1.	Measurement of interdisciplinary research should recognize and incorporate input (consumption) and process value (creation) components as well as output (production) while factoring in short-, middle-, and long-term impacts.​[1]​ 
2.	Interdisciplinary research involves both social and cognitive phenomena, and both these phenomena should be reflected in any measure or assessment of interdisciplinarity.​[2]​ 
3.	Measurement of research outputs should be broadened beyond those based in bibliometrics, while also factoring in differences in granularity and dimensions of measurement and assessment.​[3]​ 

Thus, the literature reviewed brings in a diversity of views from a wide range of, until recently, somewhat isolated domains within the research community. For this review, we identified four primary fields of established research that represent quite different perspectives on the subject:
1.	Publications that present measurement tools or methods that can be used to create indicators of science and engineering research output.
2.	Publications that focus on the definitions of interdisciplinarity and related terms—multidisciplinary and transdisciplinary—and the concepts or social dynamics that underlie them. 
3.	Publications devoted to defining and analyzing team and collaborative research inputs, processes, and outcomes. 
4.	Publications dedicated to the challenge of evaluating the output of interdisciplinary research and development. 





The concept of interdisciplinarity and its variants (multi-, trans-, cross- disciplinary) poses a special conundrum for the social study of science. Given its multidimensional nature, the cluster of related terms describes a fairly wide range of phenomena. Schmidt (2008) noted that:

Obviously ‘interdisciplinarity’ seems to be the distinguished criterion for the diagnosis of a current shift in the mode of scientific knowledge production, most popularly characterized by terms like mode-2 science, post-normal science, post-paradigmatic science and societally oriented finalization, post-academic science, technoscience, problem-oriented research, socio-ecological research, post-disciplinarity or ‘triple helix’ research and innovation. Some protagonists of ‘inter- and transdisciplinarity’ go even further as they stress or promise ‘joint problem solving among science, technology, and society’. Other authors prefer cognate words such as multi-, pluri-, cross-, meta- or infradisciplinarity. But do these programmatic catchwords carry any distinctive epistemic content and any differentia specifica? Do they really indicate a new mode of epistemic knowledge production or are they meaningless, referring just to ‘business as usual’? (pp. 54-55) ​[4]​

The IDR literature assumes an underlying disciplinary structure to scientific knowledge creation, although very few articles define the term discipline or field. Porter, et al. (2006) cite the work of Darden and Maull (1977), who define a field of science as having a central problem with items considered to be facts relevant to that problem, and having explanations, goals, and theories related to the problem. The disciplinary structure of science is an artifact of nineteenth and twentieth century social and political organization. Klein (1996) notes that the modern concept of a scientific ‘discipline’ has only been in common use for about a century. The terms science and scientist did not come into common use until the nineteenth century (Ornstein, 1963, reprint edition). Coincident with the advent of scientific societies in the seventeenth century, members did not differentiate among types of knowledge except in the broadest senses, such as medicine, natural physics, and mathematics (Beaver & Rosen, 1978a, 1978b). Disciplines evolved slowly in the eighteenth century, and then more quickly in the nineteenth century as dedicated funds began supporting professional laboratories such as those of Pasteur and the Curies. It is important to add that the modern disciplines are the result of three other processes: the academic form of the larger process of specialization in labor, the professionalization of knowledge, and the restructuring of higher education resulting in transmission of the German model of the research university to the United States. 

Disciplinary distinctions grew more robust and their members more isolated from one another as the academy grew in the nineteenth and twentieth centuries. By the mid-twentieth century, Boulding (1956) bemoaned the dominance of isolated disciplinary approaches in science:

Science . . . is what can be talked about profitably by scientists in their role as scientists. The crisis of science today arises because of the increasing difficulty of such profitable talk among scientists as a whole. Specialization has outrun Trade, communication between the disciples becomes increasingly difficult, and the Republic of Learning is breaking up into isolated subcultures with only tenuous lines of communication between them-a situation which threatens intellectual civil war. (p. 198)

In the early 1960s, when Derek deSolla Price documented the exponential growth in the number of scientists and scientific abstracts, distinctions among disciplines were the unquestioned norm (Price, 1963). Price noted that science had grown exponentially for 300 years. In the first 50 years of the twentieth century, he showed that science had been growing by a factor of 10. Price estimated that the total output of science was 1000 times that of the mid-nineteenth century experimenting community. Despite the rapid growth, Price noted that disciplines of science had not become huge, bloated assemblages. He argued that a scientific field typically contained up to a few hundred actively productive scientists. As more people came into science, the disciplines broke up into groups of about these sizes, with the size of a field limited to the number who can monitor one another's work. "When in the course of natural growth it begins sensibly to exceed this number, the field tends to divide into subfields (pp. 72-73)”​[5]​ If there is a natural law guiding the size of a discipline or sub-discipline (a question worth further study), then in the 50 years since Price analyzed science, a rapidly expanding number of subfields would be the expected dynamic. Even assuming that the Internet allows scientists to monitor the work of twice the number of scientists as they could in the 1960s, the number of subfields now extant would be expected to be either much higher in number or much more interconnected, or both. (An observation of the structure of science suggests that this may be the case (Leydesdorff & Wagner, 2008).) Indeed, several papers in this review noted that interdisciplinary research, over time, develops towards disciplinary patterns (Klein, 2004; Stirling, 2007).

The mid-century isolation of disciplinary silos declaimed by Boulding appears to have given way quickly to boundary-crossing. According to Klein (2008b), the most widely used schema for distinguishing among the new approaches (i.e., multidisciplinary, interdisciplinary, transdisciplinary) derives from a typology presented at the first international conference on interdisciplinary research and teaching in 1970.. Schmidt (2008) makes the observation that IDR appears to have arisen with a trend towards problem orientation in science and engineering research: “Interdisciplinarity is viewed as a highly-valued tool in order to restore the unity of sciences or to solve societal-pressing problems. . . . Normative aspects are always involved” (p. 58). The Hybrid Vigor Institute report (Rhoton, Caruso, & Parker, 2003) and the National Academies report (2005) on facilitating interdisciplinary research also cite the character of the problems involved as one reason for the rise in interdisciplinarity. This theme, emphasizing the application orientation of interdisciplinary research, is also noted by Van den Besselaar and Heimricks (2001). 

In a 1978 book on science indicators, Eugene Garfield, Morton Malin, and Henry Small discuss interdisciplinarity as “linkages between specialties of diverse subject matter” (p. 189). (Garfield, Malin, & Small, 1978) To create a metric for this activity, the authors analyzed data drawn from co-citation clusters created for the chapter to draw maps showing connections among and distance between fields on a knowledge landscape. They note that this method can be applied to IDR:

With the intercluster links (called “cluster co-citation”), “maps of science” can be constructed in terms of specialties. It is possible then to examine the way physics clusters relate to chemistry clusters and how the latter in turn relate to clusters in the biomedical sciences. Studies of this kind would not be possible if the SCI [Science Citation Index] were not a multidisciplinary data base. The overall mosaic of specialties has important implications for studying the nature of interdisciplinary activity, since linkages between specialties of diverse subject matter indicate an exchange or a sharing of interests or methodology.  (p. 189)

Stokols et al. (2008) definitions of unidisciplinarity, multidisciplinarity, interdisciplinarity, and transdisciplarity are widely cited.   But, the definitions and accompanying examples are primarily from medical research and assume that cross-disciplinary activities always involve collaboration or teams, which is not necessary for the cognitive integration that characterizes interdisciplinary research. 





Klein views interdisciplinarity in a broader context, going beyond the normative focus to a new way of knowing that grows out of shifts in epistemics, institutional structure, and culture that set the context for knowledge creation. In contrast to Stokols et al.’s definition--which assumes collaboration--Klein, joined by Morillo et al. (2003), would allow for the output of a single person to be the result of the integration of knowledge drawn from different disciplines. Rafols and Meyer (2009) suggest that interdisciplinary is not the right term to explain the dynamics at the boundaries of disciplines. They assert that cognitive diversity in relation to disciplines, specialties, technologies, industries, stakeholders, and research fronts would be a more appropriate label for the activities they are describing. Van Raan (2005) uses the term interdisciplinarity, but distinguishes among IDR, collaboration, and knowledge users. 

The work of the Interdisciplinary Studies Project of the Harvard Graduate School of Education’s Project Zero indicates that consensus has emerged around at least one part of the phenomena under consideration: the importance to interdisciplinarity of the process of knowledge integration. Miller and Mansilla (2004) outline four modes of increasing integration of bodies of knowledge in groups (they, like Stokols, are considering a group process):

•	Mutual ignorance: Individuals demonstrate a lack of familiarity with, or even hostility toward, other disciplinary perspectives.
•	Stereotyping: Individuals show an awareness of other perspectives and even a curiosity about them. Still, there is a stereotypical quality to the representation of the other’s discipline, and individuals may have significant misconceptions about the other’s approach.
•	Perspective-taking: Individuals can play the role of, sympathize with, and anticipate the other’s way of thinking. Individuals raise objections to their own preferred ways of thinking by taking account of other approaches. Individuals demonstrate less naïve or stereotyped representations of other disciplines.
•	Merging: Perspectives have been mutually revised to the point that they are a new hybrid way of thinking, and it is difficult to distinguish separate disciplinary perspectives in the new hybrid.

Porter et al. (2007), following the National Academies report (2005), define IDR as requiring an integration of concepts, techniques, and/or data from different fields of established research. This definition does not presume the presence of teaming. Rafols and Meyer (2009) also follow the National Academies definition: “Thus the process of integrating different bodies of knowledge rather than transgression of disciplinary boundaries per se, has been identified as the key aspect of so-called ‘interdisciplinary research’” (p. 2). Morillo et al. (2003) also consider IDR to be present when integration of multiple disciplines is achieved, without regard to the constitution of the team. 

A focus on knowledge integration raises its own issues with regard to measurement. Integration is at base a cognitive process, whether it takes place within an individual’s mind or within a group, so that a valid assessment of the interdisciplinarity of research must involve some indication of the degree or extent of knowledge integration that took place as the research was being conducted. Integration also entails negotiation of conflict and achievement of synthesis, as the Miller and Mansilla (2004) modes of increasing integration attest. This enlarged thinking about measurement (a more apt term might be assessment or evaluation of interdisciplinary research) is clearly reflected in several of the articles in the 2006 special issue of Research Evaluation on evaluating interdisciplinary research (Vol.  15, Issue 1), and especially in Klein’s literature review in the 2008 special issue of the American Journal of Preventive Medicine on the science of team science (Klein, 2008a). This is the challenge tackled by Porter and Rafols (2009); they define integration as reflecting a diversity of knowledge sources by research teams or by individuals. Rafols and Meyer (2009) also use a concept of integration in their paper that reflects two aspects of knowledge systems: (a) diversity, or the number, balance, and degree of difference between the bodies of knowledge concerned; and (b) coherence, or the extent to which specific topics, concepts, tools, and data used in a research process are related. This definition is similar to the measure suggested by Garfield, Malin, and Small (1978). 

3. Context: Processes and Outcomes of Interdisciplinary Research

The process of integration—whether in a single mind or as part of a teamed approached—is more difficult to observe than the results of the process. Both of these phenomena are discussed in various parts of the literature. The August 2008 (Vol. 35, Issue 2, Suppl. 1) special issue of the American Journal of Preventive Medicine devoted to the science of team science includes numerous articles that describe the methods, measures, and results of substantial investment in studying large-scale team science programs  ADDIN EN.CITE (Croyle, 2008; Gray, 2008; Hall, Feng, Moser, Stokols, & Taylor, 2008; Hall, Stokols et al., 2008; Kessel & Rosenfeld, 2008; Klein, 2008a; Mâsse et al., 2008; Nash, 2008; Stokols, Misra, Moser, Hall, & Taylor, 2008). As Stokols et al. (2008) claim:

The field [science of team science] as a whole focuses not on the phenomena addressed by particular team science initiatives (e.g., cancer, heart disease, obesity, community violence, environmental degradation), but rather on understanding and enhancing the antecedent conditions, collaborative processes, and outcomes associated with team science initiatives more generally, including their scientific discoveries, educational outcomes, and translations of research findings into new clinical practices and public policies. (p. S78)





 Thus the outcome measures used in these studies focus on the effectiveness of programs rather than on the narrower question of measuring the interdisciplinarity of outputs. Analyses seek to link team composition, management, and contexts to program effectiveness measures. Both quantitative and qualitative methods may be used to measure processes and outcomes; examples are surveys of participants and stakeholders, interviews of team members, behavioral observations and collaborative discussions, archival analyses of scientific productivity and impact using content analyses of products and bibliometric assessments of publications, focus group meetings of those involved in the initiative, social network analyses, and peer reviews. Stokols et al. (2008) also point out that “The combined use of survey, interview, observational, and archival measures in evaluations of team science initiatives affords a more complete understanding of collaborative processes and outcomes than can be gained by adopting a narrower methodological approach” (p. S82). From the point of view of those those tasked with creating output indicators, however, these combinations of qualitative and quantitative measures are difficult to reproduce year-on-year and so are not useful.  The approaches in this review vary in their usefulness, with some being more useful for characterizing the processes involved in program evaluation (including both quantitative and qualitative assessments), with others being more useful for identifying those processes needed to develop output indicators (which currently are largely quantitative). 

3.1 Team Science Processes and Outputs

The Stokols, et al. review incorporated examples of qualitative measures of integrative processes--not for the purpose of creating indicators of output--but to understand how such processes may shed light on evaluation and eventually on measurement of interdisciplinarity.  These qualitative measures seek to detect integration in research outputs, to assess the value of the outcomes of collaborative work, and to develop causal inferences about the factors that influence highly-valued outcomes.  Hall et al. (2008) report on the year-one evaluation of the National Cancer Institute’s Transdisciplinary Research on Energetics and Cancer initiative. Qualitative measures of interdisciplinary and transdisciplinary collaborations were based on self-assessments by participants using scales of the level of collaboration that occurred. Additional measures assessed the frequency with which various types of collaborative activities were engaged in, and by participants’ expectations of whether the deliverables would be produced on time. A peer review process, using protocols developed by an evaluation team, was used to assess the degree of cross-disciplinary integration and conceptual breadth of written outputs from the teams. The authors note that studies are currently being conducted at NIH comparing the productivity of a transdisciplinary initiative to the overall productivity of a comparable field. They point out that such studies, using appropriate comparison-group designs, can be used to identify similarities and differences in the quantity and quality of research productivity in both transdisciplinary science and traditional, individually-oriented research efforts. 

Mâsse, et al. (2008) describe a five-point Likert-type response format used and results obtained from an assessment of processes related to working in transdisciplinary teams. Survey data employing the scales were applied to 216 researchers and research staff participating in the NIH Transdisciplinary Tobacco Use Research Centers Initiative. Four scales were developed and tested: three assessed satisfaction, impact, and trust and respect; the fourth assessed transdisciplinary integration. Nash (2008), following Mitrany and Stokols (2005), identifies a mix of qualitative and quantitative indicators that could apply to evaluate  transdisciplinary training:

•	Transdisciplinary scope of the research topic and its conceptualization
•	Diversity of research methods used in the study
•	Contextual scope of the author’s conceptualization of the research topic
•	Hypotheses generated that synthesize theoretical frameworks from different disciplines
•	Levels of analysis bridged
•	Co-authors from different disciplines. (p. S139)

Finally, while not suggesting specific measures that could be used to evaluate or measure interdisciplinary or transdisciplinary research, Klein (2008a) places IDR into an evaluative framework for IDR that includes seven generic principles including consideration of the variability of goals, criteria, and indicators, the levels of integration (social and cognitive organization), the special requirements of leadership, and the unpredictability of long-term impact.    “Appropriate evaluation . . . evolves through a dialogue of conventional and expanded indicators of quality. Traditional methodology and statistics have a role to play, but they are not sufficient” (p. S122).

4. Quantitative Measures: Structural Relationships as an IDR Measure 

The questions we considered during this review pointed to the need for vastly improved measures of the output of science. Measurement of scientific output for the purposes of creating indicators is traditionally done using bibliometric approaches. Bibliometrics have been refined over four decades based on the widely-held view that the scientific research process is incomplete without publication. Derek deSolla Price (1978) argued that publication provides the function within science of correction, evaluation, and acceptance by a community. Published works are collected in journals, and a select set of journals is included in various databases such as the Web of Science (built and maintained by Thomson Scientific), or Scopus (built and maintained by Elsevier). These databases provide the raw materials used in current bibliometric efforts to measure IDR. 





Bibliometrics are commonly used in science and technology policy analysis, evaluation, and the creation of indicators, as well as in the field of library and information science. The statistical procedures and analytical methods and tools developed emerged with the exponential growth of scientific output through the twentieth century. These methods were introduced into science policy through the works of Derek deSolla Price and Eugene Garfield and ultimately adopted by the National Science Foundation in their Science & Engineering Indicators reports. Groups such as the Organization for Economic Cooperation and Development and the United Nations Economic and Statistical Organization followed suit with similar practices of collecting data and presenting statistical analysis of science and technology inputs and outputs.

Although the earlier seminal work is no longer cited, the core literature on measuring interdisciplinarity owes a great deal to the collected chapters in Elkana et al (1978)--particularly the work of Price (1978), as well as to Garfield, Malin, and Small (1978), in their chapters on metrics and on citation analysis, respectively. Two approaches--citation analysis and knowledge mapping-- have both evolved in application since the 1978 publication. Although they have been refined, the methods described below evolve from the original concepts presented in the Elkana et al. discussions. Details of specific refinements will be described in the conclusion to this section.

Here, we consider different methods for measuring IDR suggested by the bibliometric literature. A number of different methods are discussed; each one has benefits and drawbacks. There is no convergence in the literature on a single type of measure: multiple sources of data and measures are widely endorsed. In order to make any indicator useful for identifying and assessing the output of interdisciplinary research, several questions must be addressed: (a) At what level of aggregation could and should measures be taken?; and (b) At what level is knowledge input or output integrated? As noted at the outset of this review, the answers to these questions depend on the needs of indicator users, and differing needs will bring different datasets, analyses, and visualizations to bear.

Most relevant articles using bibliometric tools and data draw upon Thomson Reuters products such as the Science and/or Social Science Citation Indexes and the Journal Citation Reports as their primary or only source of data. Several articles augment the ISI databases to draw from others such as Scopus (Adams, Jackson, & Marshall, 2007) or Medline (Boyack, 2004). Even in these cases, the additional databases have been mined to complement the ISI data. However, the current reliance on ISI can be seen as an historical development (it was the only large scale citation database for several decades). Scopus has now achieved high recognition and offers promise in that it currently indexes nearly twice as many journals as the ISI databases. A variety of comparative studies of the two databases are now becoming available. In any rigorous analysis, having a standardized database is very important to the community’s acceptance of the analysis.​[6]​ We expect that any reliable indicator of IDR would use the most widely accepted database, and that indicators would prove to be reproducible and comparable over time. 

The bibliometric literature also reveals an underlying assumption about IDR. While explicit definitions differ, the authors see IDR as a phenomenon that emerges within (and because of) the dynamics of a larger knowledge system, which includes external drivers (such as the need to solve complex problems and funding priorities). While this is nearly universally acknowledged or implicitly suggested in the reviewed articles, two basic approaches emerge from the core literature: one that accounts for the larger system and one that does not. The articles that burrow down into the structure of science to examine relationships do so by placing relevant or desired data (authors, articles, or journals) into a hierarchical structure to allow comparisons.​[7]​ Alternatively, some articles attempt to view the science system as a whole. These latter types of articles use statistical relationships among key aspects of relevant or desired data to measure certain characteristics of aggregations of authors, articles, or journals: diversity, disparity, and balance.

Of the two approaches, the first approach, which we call a ‘structuralist’ approach (subsuming both cognitive and social structures), is more frequently used. Here we call attention, again, to alternative indicators that cut across while often challenging underlying assumptions about structure. In a dynamic knowledge system, structure is too static to capture all manifestations of intellectual work. The structure of science is variously characterized as consisting of: (a) the individual scientists or engineers; (b) groups of scientists organized around particular scientific topics, e.g. invisible colleges; (c) articles, notes, and letters published in refereed journals; (d) clusters of articles, e.g. co-citation clusters; (e) journals collecting the articles (i.e., Journal of Theoretical Biology); (f) specialties within sub-disciplines (e.g., applied bioinformatics); (g) sub-disciplines (i.e., bioinformatics); or (h) disciplines or fields of science (i.e., biology). At each stage past the individual scientist or engineer, a higher order of aggregation is represented. In general, the authors represented in this review choose one level of aggregation to conduct analysis, and most often the level chosen is either articles or journals. 





The most common bibliometric technique for measuring the output of IDR is some form of citation analysis. A citation environment is defined as all journals that cite or are cited by a specific journal above a given threshold. Rafols and Meyer (2009) note that the percentage of citations outside of the discipline of the citing paper is the most common indicator of IDR, and indeed, this is the method suggested in the earliest efforts at IDR measurement by Garfield, Malin, and Small (1978). Among the bibliometric studies we reviewed, seven use some form of citation or co-citation analysis  ADDIN EN.CITE (Adams et al., 2007; Boyack, 2004; Klein, 2008a; Levitt & Thelwall, 2008; Morillo, Bordons, & Gomez, 2001; Rinia, van Leeuwen, & van Raan, 2002; Zitt, Ramanana-Rahary, & Bassecoulard, 2005). Within citation analysis, the occurrence of what are considered discipline-specific citations pointing to other fields is assumed to reveal an exchange or integration among fields (an assumption that needs further examination, given the caveats associated with defining a discipline). Most of these articles seek to compare across disciplines at the level of institutions or disciplines. 

Hamilton et al. (2005) and Zitt et al. (2005), among others, note that citation analysis is complicated by the fact that fields of science--however categorized--are vastly different in size. To address this problem, most producers of indicators have for decades offered relative measures (e.g., citation share over publication share) or ranking measures that facilitate comparisons between or among fields at a given level. The properties of various normalization techniques have to be explained when a measure at a given level (such as discipline) is intended to reflect structural discrepancies at lower levels (such as sub-field). Zitt offers a cross-scale perspective to address the aggregation problem in order to make indicators more rationalized across science.

Zitt et al. (2005) postulate that these broad families of citation measures are likely to provide different views of or different insights into the structure of science based upon the chosen level of analysis, which would be an expected effect given the differences in size of various fields. He presents a macro approach to IDR at the article level (only articles were used, no notes or letters) to test the impact of the level of aggregation (measured by the number of citations to a unit of output) on the measure of interdisciplinarity (e.g., article, journal, discipline). Zitt draws upon the history of citation-based methodologies to present his refinement to the tool of co-citation analysis. His approach tests a number of levels of aggregation--journal, specialties (ISI subject categories), sub-disciplines, and disciplines--in order to test whether and how the level of aggregation affects the impact measure. (The disciplinary structure was based on the French Office of Science and Technology categories and the ISI subject categories.) Zitt modified the ISI subject categories in order to obtain strictly embedded levels without overlaps.​[9]​ He then structured science into five levels: large-discipline (9 groups including multidisciplinary), sub-disciplines (31 groups), specialty (155 groups), and journals (3702 groups reduced to 3529 after filtering based on document type)​[10]​ for all articles drawn from the database for 1998.​[11]​ 

Overall comparison of article impact rankings are ordered by the citations they receive in the field they belong to, which puts them in particular quantiles. The global agreement between rankings of all articles between all (pairs of) levels was assessed by Kendall’s rank correlation, based on the difference of concordances and discordances of ranks for each pair of items. Zitt tested several quantiles grids (20 half-deciles, 100 percentiles, 500 and 1000 quantiles), and the results tended to converge as the grids become finer and finer, to the point that the difference between grids 500 and 1000 no longer affected the last digit in the subsequent tables. Results (in the form of 5 by 5 tables) are therefore reported using grid 1000. This process results in a relativity of citation performance that allows comparison of disciplinary affiliation and interdisciplinary affiliation that can be indicated at several levels of aggregation without double-counting.​[12]​ He found that the level of aggregation chosen for the co-citation analysis affects the counts and the analysis, but that any level is open to interpretation. 

In Zitt’s model, the respective proximities of two articles in terms of topic and of citation score are strongly dependent upon each other. The structure of science (reflected in the level of aggregation at which the article is being examined) dictates the citation behavior. The expected result of this model is that normalized indicators for a given article will exhibit a very poor stability when the scale changes. This makes the choice of scale very important to the analysis. No consensus emerges in the literature about the choice of scale, although the focus on journals as the level of aggregation dominates the literature. 

Van Raan (2005) notes that good citation analysis uses the same criterion to structure fields at various levels of aggregation. Underlying any judgment on the part of the analyst must be the understanding that citation practices are based on the choices made by scientists when they include citations in a paper-- an important qualification, since it touches on the complex issue of what counts, or not. The action of centering the analysis on the judgment of the scientific practitioner makes this method more self-referential than other methods that might be used to indicate IDR (such as subject code analysis, which is several steps removed from the practitioner). The motives for giving a reference to a particular article may vary considerably, as Van Raan points out, but citation is the reference closest to the source of knowledge creation and the integrative action.

As an example of the use of IDR measures at the journal level, Leydesdorff (2007b) describes the Journal Citation Reports (JCR) of the (Social) Science Citation Index, which contains structural information about citation-relation patterns of journals at the aggregated level for each year. The aggregated journal-journal citation matrices based on these data can be analyzed in terms of their structural dimensions using factor analysis. Additionally, graph-analytical approaches enable visualization of these data in terms of centrality measures. In the case of journal maps, the clusters can be designated in terms of scientific specialties. This enables analysis of IDR at the journal level by placing journals into disciplinary categories and then viewing the extent to which they have relationships with journals outside of that disciplinary category.

Leydesdorff notes that the Science Citation Indexes contain all the information needed to construct a huge matrix in which the cited journals provide information for the row vectors and citing journals for the column vectors (or vice versa). The resulting cells have values equal to the number of unique citation relations at the article level. The matrix is asymmetrical, and the main diagonal--representing within-journal citations--provides an outlier in the otherwise skewed distributions. As the similarity measure between the distributions for the various journals included in a citation environment, Leydesdorff uses the cosine between the two vectors, which is normalization to the geometrical mean. (The value of this threshold can be varied, but the default value is set at one percent of the total references or citations in the citing and cited dimensions of the matrix.) This technique can be used to measure IDR at the journal level as either an input (from the cited side, measuring its contributions to or impact on other journals/disciplines) or output (from the citing side, measuring its uptake or use of information from other journals/disciplines).​[13]​ When the threshold is set equal to zero, it is possible to map the complete citation context of a journal, showing its citation environment within a discipline and outside a discipline (based upon certain assumptions about disciplinary orientation of journals). This set of relationships can be represented in tables or in abstract space based on vector analysis, showing similarities (or linkages) and differences (or variations). This latter process brings our discussion to the point of considering using a metaphorical knowledge space to conduct IDR analysis.

The citation approaches privilege publication as the major outcome of IDR. This is one of the sharpest limitations of this approach. Although the uses of citation-derived indicators are well accepted, a related question remains unexplored: In relying on the quantitative measures, what additional information about IDR impact is being lost? This may be exceedingly difficult to assess, as the extent of this gap is unknown at this time. One way to deal with this may be to combine qualitative and quantitative measures in any effort to create future IDR indicators.

5. Spatial Distances as an Assessment Tool 





Diversity measures are suggested in papers by Rafols and Meyer (2009), Stirling (2007), and Porter and Rafols (2009). Diversity as a measure is not limited to science--diversity is considered a feature of any system that can be divided into categories. Several papers propose adapting diversity concepts to IDR to measure knowledge integration and differences. They also suggest exploring the concepts of diversity and coherence to reveal the dynamics of IDR. (We acknowledge the expanded range of indicators in the discourse on evaluating IDR, which by default incorporates the topic of measurement and metrics. It also engages the need for heuristics and, in the case of the Stokols, et al. model, feedback to multiple and diverse outcomes.) Rafols and Meyer (2009) introduce disciplinary diversity indicators to describe the heterogeneity of a bibliometric set viewed from predefined categories; that is, using a top-down (or structural) approach that locates each of the elements (e.g. papers) of the set on one of the categories of the global map of science. A schematic of their definition of diversity is shown in Figure 2 In their approach, a network is constructed out of the relationships among the elements. From this data set, a network coherence measure is derived. The measure depicts the intensity of similarity relations within a bibliometric set using a bottom-up approach (e.g., co-citation). This allows the network relationship to reveal the structural consistency (or lack thereof) of the publications network. Rafols and Meyer carry out case studies on individual articles in bionanoscience to illustrate how these two perspectives identify different aspects of interdisciplinarity: disciplinary diversity indicates the large-scale breadth of the knowledge base of a publication (the multidisciplinary scope); changes from lower to higher network coherence reflect knowledge integration. They suggest that the combination of these two approaches may be useful for comparative studies of emergent scientific and technological fields where new and controversial categorizations are accompanied by equally contested claims of novelty and interdisciplinarity. Theoretical interdisciplinarity and methodological interdisciplinarity need to be carefully disentangled to pursue this further. 





Entropy is a mathematical concept drawn variously from thermodynamics, statistical mechanics, and information theory. It is a measure of disorder or uncertainty in a system – in this case the system of science. Entropy is similar to the concept of Stirling diversity described in section 5.1, and can be used to measure either inputs (impacts) or outputs. Hamilton et al. (2005), following Grupp (1990), use it as an indicator of disciplinary impact by focusing on the intensity of knowledge streams between research fields, a feature it shares with van den Besselaar and Heimricks (2001). This is done from an input, or forward-looking perspective (in contrast to the majority of studies referenced in this review, which are output, or backward-looking in nature) in which the system is the network of citations coming from all other fields to one field. Since Hamilton et al. (2005) are only interested in the impact one field has on all other fields, they ignore citations coming from within the field, which would be quite important for fields in which in-field citations dominate, such as mathematics. For simplicity’s sake, they divide the system into nine total fields. The premise is described in the following way: 

If we hold up a paper and say “This paper has cited Mathematics,” then how much information do we need to determine the field of the citing paper – i.e., how many yes/no questions do we need to ask? The answer to that question is the amount of uncertainty, or entropy, in the system. (p. 5)

The answer they propose is a distribution of citations across the external fields of the system. At one extreme, maximum multidisciplinarity (in their definition of the term), there would be a situation of equal distribution in which each field has the same number of citations going to one field, say, mathematics. In such a hypothetical case, the field of the citing paper is determined by asking three questions (the questions will look like the standard binary search across the fields). Therefore, the entropy in this nine-field system, placed into a calculated multidisciplinarity index, is equal to 31. At the other extreme would be the case in which all of the external citations come from only one field, and no citations come from the other fields. In this case, one can determine the field of the citing paper without asking any questions at all. For example, if the paper has cited only mathematics, then the field of the citing paper is known. The entropy in this system is equal to 0. Between these two extremes they suggest a varying number of citations coming from up to eight other fields. The measure itself is close to the determination made by the practitioner (citing level) and therefore could offer a robust measure of IDR.

5.3 Betweenness Centrality and Boundary Spanning 

Van Raan (2005) notes that knowledge maps are unique instruments that can be used to discover patterns in the structure of science, to identify processes of knowledge dissemination, and to visualize the dynamics of scientific developments. Within knowledge visuals are a number of possible representations of the knowledge system that could be used to visualize and analyze science. Of these possible measures, betweenness and other types of centrality are measures that are used within network analysis to examine the influence of a node on a network as a whole, to consider the constraints of the network as a whole on a field, and to view the interrelationship possibilities among network participants.​[14]​ 

Leydesdorff (2007a) has suggested that betweenness centrality can be used as a measure of interdisciplinarity at the journal level. Schummer (2004) suggests using a similar measure at the individual author level. This variation measure uses an integration of multivariate and time-series analysis to view the relationships among different parts of a knowledge system. By measuring the vector space between nodes in a citation environment, and with the reference point being the system as a whole, the measure of those journals that are most between others in the system can be identified, measured, and visualized. In related work, Leydesdorff(2007b) also explores the possibility of examining the position of the nodes across the network. The nodes that link nodes are less connected to each other but are also the points doing the most boundary spanning.

In order to place the node within the knowledge system, analysis first requires a map of all the knowledge space in which a journal is located. This measurement of the system as a whole is the goal of three articles, Boyack (2004), Leydesdorff and Rafols (2008), and Morillo et al. (2003). Boyack notes that most mapping applications are used for research assessment or to structure the dynamics of disciplines. Table 2 below shows the different types of mapping tools that Boyack reviews and how they can be used, what they reveal in terms of dynamics, and the commonly-used algorithms applied to different levels of aggregation.​[15]​ 

Using factor analysis, Leydesdorff and Rafols (2008) analyzed the full set of ISI subject categories to find that it can be decomposed into fourteen factors or macro-disciplines. Each of these macro-disciplines can be clustered, with the clusters providing spaces of high population amidst open spaces. Links across these spaces show the interdisciplinary character of the populated spaces. This system-wide mapping of population spaces and their links provides a basis for determining the extent to which different fields are more or less interdisciplinary in character.​[16]​ Morillo at al. (2003) attempt to establish a tentative typology of disciplines according to their degree of interdisciplinarity measured through multi-assignation of journals to ISI subject categories, by which “the assignment of a journal to more than one category indicates the existence of cognitive links between disciplines, which can result in interdisciplinary research” (p. 1238).

Due to the limitations of any single measure of IDR, it is worth exploring the development of one or more indexes of interdisciplinarity. (We anticipate that any index of interdisciplinarity would extend beyond citation impact.) Adams et al. (2007) suggest that the index could be done based on Thomson’s multidisciplinary category, which is drawn from the journal classification scheme. The Adams et al. article was written for a specific policy application (i.e., the UK government’s impact analysis at the university level). Though the index idea is a good one, the Adams et al. index is too narrow to serve as a broader indicator of IDR at the system-wide level. 





The use of bibliometric tools for the measurement of IDR skews measures towards use of indexed literature in bibliographic databases. On one level, this appears to be a limitation given that much of IDR takes place as a dynamic process operating at a number of levels. Output measures which do not account for these dynamic processes are narrow to the point of offering a possibly distorted view of IDR within the sciences.  Nevertheless, knowledge creation has always been more dynamic than can be represented quantitatively—progress in measurement has pushed the possibilities for measurement to incorporate new approaches, which are discussed in this section.
6.1 Classification-based vs. bottom-up approaches 

As stated earlier, most current bibliometric-based measures of IDR output rely largely on journal categories established by ISI. However, we note serious limitations in the use of journal categories for measuring IDR, because of the dependence upon a pre-defined taxonomy or category structure. Studies using journal categories are often viewed as biased due to a lack of consensus around the accuracy of any particular journal category system. Classification-based measures can be useful as a first start, especially when used to compare large areas of science using large amounts of data. Nevertheless, issues around the use of underlying taxonomies or classification schemes as the basis for IDR measures is highly problematic. With no consensus on the best categorization and considerable evidence that various measures of IDR yield quite different results depending on the classification system chosen for analysis, it is apparent that serious problems remain for any IDR measure based on a pre-defined classification scheme.

Bottom up approaches based on the clusters formed by articles, using co-citation (Marshakova, 1973; Small, 1973), co-words (Callon & Law, 1983), or bibliographic coupling (Kessler, 1963), can capture knowledge integration in the making, evidenced by people working on new problems that span previously formed clusters (i.e., crystallization, Leydesdorff’s [(2007a) or Chen’s (2004) betweenness centrality, Rafols and Meyer’s (2009) network coherence or value degree centrality). Each approach may tell us a useful story in particular cases. The structural approach is better at capturing emerging developments that do not fit into existing categories, while the classification-based approach might be useful at large scale explorations, such as the disciplinary breadth of universities.

6.2 Static vs. Dynamic Measures of IDR

Still, there are serious implications for measurement of IDR posed by the fact that IDR itself is a dynamic, moving target. What is currently thought of as a highly interdisciplinary field is a point-in-time perception of how far apart the present constituent categories of that field were to start with. So a measure of the distance between two topics or between fields of science should be based on the analysis of large amounts of data. Moreover, interdisciplinary practices differ across disciplines. For these reasons, IDR should be considered as a process, an evolution, rather than a state, thereby requiring that if its characteristics are to be captured, they must portray development over time. In fact, given the consensus that a central concept of IDR is knowledge integration, this in itself suggests a dynamic process leading from less to more integration. While an existing field might be characterized by a static IDR measure as highly integrated, in the process of evolving to its highly integrated state it may have lost much of the novelty and breakthrough value often associated with incipient IDR. Loet Leydesdorff, in an e-mail to us,​[17]​ asked whether articles in hindsight might be considered very interdisciplinary, though they might not have been so perceived upon immediate publication; indeed, the converse might also be the case. In any event, current IDR measurement techniques are static in nature and use a single finite time window.  Given that different fields have different dynamics, if static measurements are to be used, the size of the time slice might have to differ across fields to be comparable. 

6.3 Limitations of Existing Databases as Sources of IDR Measures

Existing databases have a number of serious limitations that raise questions about their use for developing bibliometric-based measures of interdisciplinary research. There are several related issues here, all important for future assessments of IDR. The NSF (and other policy-oriented bodies interested in assessing IDR) seeks to support research that addresses complex scientific and social problems. Doing so requires the integrated contributions of varied fields of knowledge. Indeed, one of the most important rationales for the support and measurement of IDR is to help tackle problems where social and scientific issues are intermeshed. So in principle, assessments and conduct of IDR must include the humanities and social sciences as well as the physical and medical sciences. However, developing meaningful measures of IDR based on assumptions that apply only to the physical and medical sciences, such as the significance of the order of authorship of journal articles (which itself varies within the physical and medical sciences), the use of standardized databases such as the Journal Citation Reports that rely most heavily for their classification scheme on the physical and medical sciences, and unequal recognition of older and newer subfields, severely limit development of highly valid measures of IDR. Reliable data to assess developments in the social sciences and humanities do not exist because current bibliometric databases (ISI, Scopus) do not cover books, book chapters, and many regional non-English journals in which authors from the social sciences, humanities, and some applied fields mainly publish. 





The literature reviewed here takes many approaches to understanding and measuring interdisciplinary research. Several points of consensus emerge. First is the focus on integration of knowledge as the essential factor within interdisciplinary research. Most authors presume that science is structured (explicitly or implicitly) around a problem/facts/methodology nexus, often labeled as discipline or knowledge domain. However, as we have seen from the recent literature on the significance of IDR, researchers may not define themselves or the problems they work on by reference to disciplinary labels. Moreover, the breadth of the phenomenon of boundary-spanning activities in the knowledge system challenges any effort to characterize it for the purposes of measurement. Some aspects of the research are implicit or intangible and these defy measurement. Many different definitions have been explored, each one describing some underlying dynamic of knowledge creation such as complementary knowledge sharing in teams, drawing upon theories or methods from different disciplines to invigorate research in a third discipline, and so on. The literature reviewed here, complemented by the National Academies panel report (2005), suggests a definition focused on integration of theory, method, or data from at least two different fields of research, resulting in published outputs that reflect new insights into, or understanding of, a problem, a method, a data set, or phenomenon. 

The second point of commonality among authors using bibliometric techniques to assess the structure, dynamics, or outputs of science on a large scale is reliance on the Thomson Reuters products as the databases of choice for measuring the interdisciplinary content of S&E output. This is partly an historic path dependency due to the fact that the Thomson Reuters products were alone in the marketplace for decades. Although all the papers we reviewed using bibliometric techniques used this data source, Scopus is closing the preference gap because of its wider coverage and new methods that allow the creation of classifications without relying on the categories provided by the database. Other datasets such as Medline and increasingly, online sources, offer opportunities for studies in subfields.

Among those relying on bibliometric techniques, it is clear that citation analysis in several forms is widely accepted as a basis upon which to develop measures of IDR in various groupings of research output, but it is not the only measure. Within this set of tools, there are many methods used to reveal the structure or variety of knowledge sources within science. Exploration of various measures will continue to be of interest to academic bibliometric researchers. But for the purposes of indicator development for use in policymaking and research management, such a variety of approaches to IDR becomes a complication rather than a revelation. Assessment of interdisciplinary research inputs, processes, outputs, and outcomes is still a work in process. Similarly, it is clear that there are very few studies that link input and output measures—a measurement challenge that remains to be probed in the future. Although previous mentions of inputs in sections 4 and 5 referred to citing direction, at this point we can expand the definition of inputs to include inputs to the science system, such as funding, regulation, and policy.

Fundamental questions need to be addressed before agreement can be reached on the most appropriate measures addressing different user needs. Among them:

1.	How do different levels of aggregation of research activity (people, teams, institutions, countries) affect selected measures of interdisciplinary research?
2.	What is the appropriate unit of analysis for addressing different questions about interdisciplinary research (e.g., papers, journals, fields of science, authors, departments, projects)?
3.	What types of measures are best for computing the inputs, processes, and outputs of interdisciplinary research (e.g., simple counts, network measures, dynamic models, or a combination)?
4.	What types of normalization (necessary to account for the different dynamics of science across research fields) are required to match the different units of analysis and granularity listed above?
5.	What are the contexts and processes that foster knowledge integration in research, and how best can the level of integration be identified and measured, and linked to desired outcomes, however defined?
6.	What combination of qualitative and quantitative measures is most revealing of the actual working processes and the outputs of IDR?

In addition, work to link broader processes and outcomes, such as those measured by Stokols and others and described in Section 3, with features of bibliometric data, would also be very useful. If those broader outcomes were found to be correlated with bibliometric data, outcomes as well as outputs could be scaled. At the same time, potential users of IDR measures must begin to work with the research community, articulating their needs in the form of questions whose answers require reliable and valid measures of interdisciplinary research. The appropriate research and user communities must work much more closely together to achieve mutually desirable goals.

Counting interdisciplinary linkages at the level of individual authors presents a number of difficult challenges to measurement of interdisciplinarity in research output, and as a result cannot be scaled up to the level of science as a whole. This is in part due to the limits of the databases, but even if the databases listed the fields of all the authors of published papers, it is not clear that this would result in an acceptably reliable or valid measure of interdisciplinarity. It would result in a major but still incomplete picture of outputs and indicators. Also problematic as possible indicators are those based on subject classification codes determined by database managers or other experts. These codes are at least one step away from those conducting the research, and therefore are unlikely to reflect the evolving structure of science. 

The bibliometric literature reviewed draws extensively upon analysis of research outputs at the journal level, particularly on ISI’s journal classification system, for studying relationships as well as the structure of science. But this classification system, indeed any classification system, has serious limitations as a basis for IDR measurements. The dynamics of science itself ensures that such classification systems must continually be changed to reflect the reality of how science is done – however that is defined. Consensus on the best classification scheme has proven to be an elusive goal across a wide variety of research fields, and this one is no exception. The literature already tells us that different classification systems produce different results for the same measure of IDR. Furthermore, the presence of knowledge integration would be only weakly indicated at the journal level. For example, journals contain articles from different disciplines, and these articles are expected to represent many points of view. The interdisciplinarity of a journal may indicate the openness of a field to new ideas, but it would not necessarily be indicative of knowledge integration. 

Knowledge integration usually takes place within teams of researchers over an extended period (although some individuals clearly have a gift for such integration). Valid measures of IDR output must somehow reflect and embody that process. Focusing on the article level for analysis would be as close to the integration process as possible without conducting interviews. Within the articles in any data set, citations and keywords are chosen by the authors; these keywords are indicative of the thought processes associated with knowledge creation. Very few articles we reviewed deal with linking or using keywords to reveal interdisciplinarity. This may be because keywords are highly stylized signals intended to connect to the interest of the reader rather than to reveal integration or to acknowledge the intellectual antecedents of the knowledge contained in the article.

Thus, these assessments would argue for using a combination of articles and citations in a bottom-up approach to create indicators of interdisciplinarity in bodies of research output. Among the articles reviewed here, several suggest measures that can be used at this level to create indicators. This is particularly true of the articles that offer multiple measures combined in some way, such as being placed into indices or measured and then mapped so as to incorporate both similarity and variation dimensions. Which of these measures are most appropriate for addressing particular questions concerning the interdisciplinary content of research output, at what levels of aggregation, and with what degree of validity and reliability, must be explored in further research and discussion.
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Table 1: Definitions of key terms used in this review.

Multidisciplinary approaches juxtapose disciplinary/professional perspectives, adding breadth and available knowledge, information, and methods. They speak as separate voices, in encyclopedic alignment, an ad hoc mix, or a mélange. Disciplinary elements retain their original identity. In short, the multidisciplinary research product is no more and no less than the simple sum of its parts. 
Interdisciplinary approaches integrate separate disciplinary data, methods, tools, concepts, and theories in order to create a holistic view or common understanding of a complex issue, question, or problem. The critical indicators of interdisciplinarity in research include evidence that the integrative synthesis is different from, and greater than, the sum of its parts:micro-combinations of models or global schemes that unify disparate approachesconsulting and partnering modes, not multidisciplinary contracting of services coordinated and collaborative inputs and organizational frameworkformation of a new community of knowers with a hybrid interlanguagegeneration of new insights and disciplinary relationshipsa larger, more holistic understanding of the core problem or question • altered perspectives and revised hypotheses.




































^1	  Incorporating inputs and process value creation may need to be staged temporally because less data are available, and less has been codified in a way that could be scaled for metrics. Additionally, the dynamics of research, such as impact delays, vary widely across fields due to factors such as publishing delays.
^2	  There is a concern that conventional wisdom (particularly in policy-making) has often implicitly equated IDR practice with IDR collaboration. Care needs to be taken about the wording, so as not to feed into this confusion. In particular, policies dependent on ex-ante social disciplinary distance may favor those researchers who did not make previous efforts to approach other fields.
^3	  Measurement and assessment are hard to define and measure on their own, even without trying to incorporate them into the IDR discussion.
^4	  Schmidt’s definitions of some terms differ from the ones we have adopted for this review. See Table 1.
^5	  As discussed in Soderqvist, T. (Ed.). (1997). The historiography of contemporary science and technology. Amsterdam: Harwood.
^6	  If a higher-level, and yet very specific, framework could be developed onto which different databases could be mapped, then the choice of database would become less important.
^7	  But note that hierarchy carries an inherent bias of prioritizing that is often challenged in forms of interdisciplinary work and the emergence of other publications. In addition, hierarchies are based on underlying assumptions about quality and importance.
^8	  Scopus does code child affiliations (typically department level) where available in the original papers. A quick check of Scopus 2007 data shows that 69% of all author/affiliation records associated with individual articles contain child affiliation IDs. The number for the 2006 data is 68.5%. So, while not complete, Scopus does offer the possibility of using disciplinary affiliations to some degree.
^9	  He notes that this strict categorization is not the best model of the organization of science, where disciplinary overlaps are a common feature, but rather a convenient simplification for the purposes of the study. “Overlapping classes result in several normalized impact measures for each multi-assigned journal, which would obscure the proposed stylized analysis. . . . The classification we use, and this is true for the comparable variants, does not claim to be an accurate representation of the structure of science. It is, rather, a limited but realistic tool suitable for macro-analysis purposes. (p. 376)” 
^10	  In addition to this observed set, Zitt used two fictitious sets that represent extreme models of citation distribution in order to benchmark the observed set against a worst case and best case scenario, from the point of view of the cross-scale stability of indicators. To build these two sets, they kept the same embedded structures without changing the size of classes (journals, specialties, etc.) at each level. But instead of their own real citations, articles were assigned new citation figures generated by a redistribution of original figures over the whole set, using two contrasting rules: 1st benchmark: ordered fields model. This set was obtained using a redistribution of real scores between articles, by juxtaposing the real field structure and the list of ranked citation scores. As a result the first large-discipline in the list (conventional) gathers all the top-ranked articles, the second one the next highly cited articles, etc.; similarly, the 1st sub-discipline in the 1st large-discipline gathers the most cited articles in the large-discipline, and so on. The level of citation is forced to be completely dependent on the domain, at all levels of aggregation.
^11	  Disciplines at different degrees of size and formality also need to be factored in as well as emergent fields and, in the latter case, of sufficient recognition that they are entering into revised taxonomies used by the National Research Council, National Institutes of Health, and other funding and policy agents.
^12	  It is important to note that for some purposes it may be useful to employ double-counting. Some federal agencies, notably NIH, double-count some budget data by field of science as a means of indicating investments in interdisciplinary research.
^13	  We note that common usage of the terms multi-, inter-, and trans-disciplinary rarely distinguish between the input and output directions of IDR as described here.
^14	  While affirming the utility of between and centrality as conceptual imagery, centrality implies the opposite of frontier, a limited metaphor. In some areas, the margin has become the core. The concepts of trading zone and enclaves in the socio-technical systems literature acknowledge emergence that may remake the core in an evolutionary process.
^15	  Boyack’s classifications depend on underlying assumptions about indicators used to map fields. The NRC indicated a number of years ago that in some areas of science the indicators are shifts in language, an observation with powerful implications for thinking about keywords and other searching strategies.
^16	  The problem of this approach is that it is possibly very dependent on the particular classification used.
^17	  Personal communication, 16 March 2009.
^18	  Research in physical science/medicine has an explicit social basis, but articles rarely contain citations to literature on the corresponding social issue. However, the social link for a study is often mentioned in the introduction of a paper. Social data mined from paper introductions could be very useful in this regard.
